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Abstract: Celiac disease (CD) is quite common and is a proximal small bowel disease that develops as a permanent
intolerance to gluten and other cereal proteins in cereals. It is considered as one of the most diﬀicult diseases to diagnose.
Histopathological evidence of small bowel biopsies taken during endoscopy remains the gold standard for diagnosis.
Therefore, computer-aided detection (CAD) systems in endoscopy are a newly emerging technology to enhance the
diagnostic accuracy of the disease and to save time and manpower. For this reason, a hybrid machine learning methods
have been applied for the CAD of celiac disease. Firstly, a context-based optimal multilevel thresholding technique was
employed to segment the images. Afterward, images were decomposed into subbands with discrete wavelet transform
(DWT), and the distinctive features were extracted with scale invariant texture recognition. Classification accuracy,
sensitivity and specificity ratio are 94.79%, 94.29%, and 95.08%, respectively. The results of the proposed models are
compared with the results of other state-of-the-art methods such as a convolutional neural network (CNN) and higher
order spectral (HOS) analysis. The results showed that the proposed hybrid approaches are accurate, fast, and robust.
Key words: Computer-aided diagnosis (CAD) of celiac disease, multilevel thresholding, Image segmentation, feature
extractions, classification

1. Introduction
Celiac disease (CD, gluten enteropathy) is a proximal small bowel disease that develops a permanent intolerance
to gluten and other gluten-like cereal proteins in genetically sensitive individuals, particularly in cereals such
as barley, rye, and oats. It is quite common and one of the most diﬀicult diseases to diagnose. Clinical findings
in celiac disease can be seen in a wide range of gastrointestinal (GI) and extraintestinal symptoms or may not
even show symptoms. Given that it is quite common, CD affects approximately 1% of the population and
appears to be associated with increased mortality and significant morbidity, most of these can be prevented
or reversible by the gluten-free diet (GFD) [1]. Diagnosis is made after the serological antibodies are positive
and endoscopic duodenum biopsy is performed, and typical histopathological features are examined. The
characteristic histopathological findings in the biopsy material are still the gold standard for diagnosis. Diagnosis
of CD is currently made in accordance with the recommendations of the World Gastroenterology Organization
Global Guidelines (2016) using the modified Marsh classification and scoring.
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Stage 0. Preinfiltrative mucosa and biopsy determines normal.
Stage 1: Increased intraepithelial lymphocyte (IEL+) with normal villus structure.
Stage 2: Shortened villus structure associated with IEL+ and crypt hyperplasia.
Stage 3: Increased IEL+ and crypts hyperplasia stage. This stage is divided into 3 subcategories: 3a-light,
3b-marked, and 3c-flattened mucosa.
Texture analysis is a significant field in image processing and machine vision systems. The scale invariance
is assumed if a system or model does not change the shape or properties of the system by changing the scale
and orientation by a certain amount [2]. Most existing texture analysis methods operate in a specific or precise
environment where texture images are obtained from an equal perspective [3]. This provides a limitation in
which these methods are not useful for applications where textures occur in different translations, rotations, or
scaling. In some environments, the scale and orientation of the texture may change continuously. Therefore, scale
and orientation invariant methods are highly important in both theoretical and practical terms and such kind
of approaches have been proposed. Zhang et al. (2002) [3] have classified the existing works on the subject.
Endoscopic images are mostly obtained at various scales and perspectives, so invariant texture analyzes are
extremely important for medical image processing. Because, depending on the methodology chosen by the
endoscopist, endoscopic images are obtained from different angles and scales. A number of studies using scale
invariant texture descriptors to diagnose and classify celiac disease are available by Hegenbart and Uhl et al.
[4–7].
Endoscopy is performed for the diagnosis of CD, followed by 3-6 duodenal biopsies. The entire procedure
is costly, requiring significant amounts of time and is highly invasive for patients [8]. However, the symptoms
of CD are variable and, therefore, making an accurate diagnosis is relatively diﬀicult. This results in a high
rate of misdiagnosis. More than half of all patients are unaware of undiagnosed disease. In order to increase
the rate of diagnosis and treatment, there is a need for an easy-to-perform method that provides faster results
with less cost other than biopsy. Therefore, a CAD system has been proposed to succeed the diﬀiculties. CAD
support is an option that emerges especially in medicine and endoscopy. Consequently, it is expectable to use
a minimum invasive method avoiding biopsies that to prevent time, costs, and manpower to improve the safety
of the procedure.
It is possible to perform visual analysis on images provided by endoscopy and this can be done automatically by creating a CAD system. In conclusion, CAD systems used in the diagnosis and classification of celiac
disease are based on pattern analysis of duodenal texture [8]. As a result of these investigations, we focus on
the scale invariant texture classification approaches and propose the CAD system of CD with a hybrid system
based on machine learning algorithms on endoscopic images.
2. Materials and methods
2.1. Patients and endoscopic image data-set
There are two duodenal sites (the bulb and the pars descendens) where physician aim to diagnose CD during
routine standard upper endoscopy, and biopsy samples are taken from these areas. In general, such endoscopies
often do not have magnification properties, so the physician makes a preliminary diagnosis of CD based on the
distant and close views of these two regions. Close-up images are performed underwater on the mucosal surface
of the villi and this is called the modified immersion technique (MIT). In such techniques, it is applied under
narrow band imaging N BIM IT instead of traditional white light illumination W LM IT to improve the visual
confirmation of the CD.
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In this study, the image data-set established for the experiments includes images of only distant views
of the duodenal pars descendens taken during esophagogastroduodenoscopy (EGD) at Kocaeli Darıca Farabi
Training and Research Hospital using adult gastroscopies (Fujinon EG-530WR) without magnification. And
images were acquired outside of NBI and MIT techniques. The original image resolution is 1280 ×1024 pixels.
The routine standard flexible endoscopy (SFE) images of the celiac disease cannot be distinguish between each
Marsh stage. Because the low Marsh stage without villous atrophy cannot be diagnosed with regular endoscopy
at 0 to 2 stages. However, in CAD studies of celiac diagnosis, it was considered appropriate to classify the
patients into two classes as normal (Stage 0–2) and celiac (Stage 3a–3c).
All patients had not been diagnosed with CD before and all were recorded as the first diagnosis. Also,
when endoscopy was performed, patients had a free diet (gluten containing diet). The experiments are based
on independently distributed training and test data-sets (approximately 70% for training and 30% for testing),
and Table 1 shows the distribution list of images and patients in this image database. Biopsies of the mucosal
regions covered by the images were taken, and modified Marsh classification was performed to determine the
ground truth of all endoscopic images that constructed the data-set. Before upper GI endoscopy, at least 1
specific serological test such as anti-tTG (anti-tissue-transglutaminase) or AGA (anti-gliadin antibodies) was
performed for each patient. Only patients with positive serology were included in celiac patients.
Table 1. Distribution list of images and patients in the image database.

Images
Training set
Test set
Patients
Training set
Test set

Stage 0-2

Stage 3a-3c

Total

143
61

91
35

234
96

53
23

8
3

61
26

Figure 1 shows some normal and damaged duodenal mucosa samples from the training and test data-set.
Here, the upper and lower sides of the figure show sample images from the training and test data-set, and
likewise the left side, normal, and right side represent celiac disease. As it is seen, it is very diﬀicult to classify
these images as normal and celiac with the human eye.
Obtaining a real endoscopic image of CD and conducting research is complicated due to the privacy
concerns. Therefore, special data were collected in this study and the data-set was obtained with the permission
of the hospital directorate and the Clinical Research Ethics Committee. Consent form was signed by each
patient. If public CD data-sets are available to researchers, it is possible to compare the methods and results
to which they are applied. In another aspect, it may affect the progress and interest of celiac disease research
in CAD.
Furthermore endoscopy image analysis is immensely challenging due to the fact that image quality
degradation is mostly caused by factors such as specular reflections, bubbles, and blur Figure 2. As shown
in Figure 2, image degradation is also affected to varying degrees for each image in our database. Therefore,
some sample images from different challenging cases are given in Figure 1. Images 1, 5, 8, 9, 10, 11 in Figure 1
contained bubbles, while images 1, 7, 8, 10, 11, 14 were subjected to specular reflections. Images number 7, 9,
14 represent examples of blurry images. Although it is diﬀicult to distinguish between celiac and normal, the
600
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2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

Test set

Training set

1

Stage 0 – Stage 2
Normal

Stage 3a – 3c
Celiac

Figure 1. Samples from normal and damaged duodenal mucosa images obtained by gastroendoscopy. Modified Marsh
classification was confirmed by histopathology.

image degradation mentioned above also negatively affect the images.
Specular reflections can form areas of the image with high intensity, causing loss of information of the
image. For this purpose, removing specular reflections is an important issue. Hegenbart et al.[9] investigated the
severity of the effects of such image degradations on the proposed classification pipeline using LBP-based feature
extraction and SVM classification methods. As a result of the research, beyond the bubbles and reflections, the
blur and noise of the images show the greatest effect on the accuracy of the system. However, the severity of
the effects of such image distortion is still unclear.
To avoid such problems, the MIT is used and the mucosal surface is examined from a close perspective.
However, it is not possible to use the MIT method in the image data-set created in this study because of the
distant capture of the mucosal surfaces.
2.2. Basic methodology of endoscopic imaging CAD systems
The development of automated CAD systems can be crucial for physicians to accurately diagnose the disease,
accurately guide the target area, and require less time. There are many strong image processing methods available for automated analysis, and the selection of appropriate combinations can effectively diagnose associated
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Bubbles

Reflections

Blur

Figure 2. Examples of endoscopic image degradations.

diseases through endoscopic images. It is almost impossible to interpret the image manually and scan the
abnormal image from the data stores, those requiring the development of automated systems.
Figure 3 shows the typical system details of the existing CAD scheme for CD. In the first stage, the image
obtained by endoscopy is entered into the system, then pre-processing methods are applied. In the second step,
the features are extracted from the mucosal patterns for texture analysis. Finally, the extracted features are
independently distinguished between normal and CD in the final stage called classification. The endoscopic
image is classified on the basis of a wide variety of classifiers.

Normal
Celiac Disease
Input image

Figure 3. Typical methodology of the existing CAD scheme for CD.

According to the 2015 publication by Hegenbart et al., [8] they provided an extensive overview of research
on CAD for CD diagnosis. The research in the automated diagnosis of CD, focusing on computer-aided diagnosis
systems, began in 2008, and since its first publication, lot of progress has been made for the fully automated
systems. Since then, more than 50 publications have been published. In this environment, in addition to
standard flexible endoscopy, various endoscopy data such as wireless capsule endoscopy (WCE), narrow band
high intensity contrast imaging endoscopy (Chromo Endoscopy), and confocal laser endomicroscopy (CLE) were
used.
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2.3. Proposed image processing methods for automatic diagnosis of CD
CAD systems are an emerging technology, especially in endoscopy, designed to increase the ability of physicians
to make accurate diagnoses. The aim of this study is to investigate new techniques of image segmentation,
feature extraction and classification for medical images obtained from the most recently published studies.
The investigations reveal that CAD systems of endoscopic images are still an important problem. In order to
create a CAD system, it is important to integrate a wide range of image processing approaches that function as
segmentation, feature extraction/selection and finally classification. In this study, we reviewed the techniques
and methods used for medical images, especially in endoscopic images. Consequently, the image segmentation
techniques were not yet used in the previous CAD systems of CD and that kind of systems focused on the
only feature extraction and selection methods. As a result of these investigations, we designed a hybrid system
based on machine learning algorithms for automated CAD of CD with endoscopic images. The schema of the
recommended CAD algorithm is illustrated in Figure 4.

Normal
Celiac Disease
Input image
Normal
Celiac Disease

Figure 4. The proposed methodology of CAD for gastroduodenoscopic system.

The recommended system consists of the following computational techniques: (i.a) Masking border
information and image enhancement (i.b) Context-based optimal multilevel thresholding (MTH) was used on
the energy curve for the image segmentation technique. (ii) Then, the relative discrete wavelet transform
(DWT) coeﬀicients of the images are subdivided by applying the DWT method and the images are transformed
from the spatial domain to the frequency domain. (iii) Various feature extraction methods are employed to
extract important features from decomposed coeﬀicients, and they are evaluated according to the classification
rate. In this study, different scale invariant texture descriptors were used to obtain characteristic expressions
from their features that differentiate the two classes. (iv) Next, nature-inspired algorithms, the optimization
technique, were applied to select an optimal set of features for classifying feature vectors. (v) Finally, multiple
classifiers with a 10-fold cross-validation strategy were applied to confirm the detection capability of the proposed
technique.
2.3.1. Image acquisition and preprocessing
Image acquisition techniques like endoscopy, ultrasound, computed tomography (CT) and magnetic resonance
imaging (MRI) are deeply associated on computer vision systems to produce digital medical images. State-ofthe-art image acquisition medical techniques have been significantly improved, and they provide images with
intense resolution, but images still carry noise. Therefore, image noise prevention is generally performed during
the preprocessing phase, an important procedure of image processing. This phase uses to reduce noise and
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enhance the image, finally the wording border of the obtained images uses to mask the expressions that limit
the image. A wide variety of filter banks can be used to protect and enhance the edge information of images.
At this stage, we did not reduce the size of the original images and the median filter was used to de-noise of
the images.
2.3.2. Context based image segmentation
In this study, we have applied the proposed CAD system in Figure 4 as two types of models with image
segmentation stage and without image segmentation stage and the results will be reported in the result section.
Once the images are obtained from the endoscopy, the preprocessing phase begins, and the images
will be enhanced. At this phase, segmentation techniques can be used along with image noise reduction and
enhancement methods, and this was done in our study. Boschetto et al., [10] presented an automated method for
segmenting and detecting villi on irritable bowel disease using the technique of simple linear iterative clustering
(SLIC) superpixel segmentation. But there are no studies applying segmentation method on standard flexible
endoscopy image. Segmentation techniques play an important role in medical imaging applications. There are
several segmentation techniques that have been used in medical imaging applications and they are all classified
into the following groups [11]: thresholding, clustering, region-based, edge detection, and hybrid approaches.
As a result of the increasing demand in computer visual systems in recent years, image thresholding has
been continuing, which has attracted the attention of researchers in different fields. MTH is highly preferred
methods to perform segmentation on images [12]. Thresholding is the easiest and quickest method of segmenting
images. Threshold consists of using threshold values, and these operations are applied on the histogram of the
images. The process that separates the image into different regions by detecting multiple thresholds is called
MTH. The Otsu method [13] assumes that the image consists of two objects: the object and the background.
The optimum gray threshold value is found by minimizing the weighted inter-class variance value of the objects
in the image. Likewise, Kapur’s method [14] classifies the image into two objects: foreground and background,
and calculates the total entropy of the objects. The gray level at which the total entropy of both objects reaches
the maximum point is called the Kapur threshold.
The histogram of the image does not deal with spatial details, so it cannot guarantee that the segmented
regions are neighboring. This explains that the curve of the histogram cannot provide spatial information of
the position in which the pixel is located. The advantage of the energy curve design is similar to histogram
features, but it includes spatial information of the pixels position [15, 16].
Another limitation is that MTH is ineﬀicient because it is computationally demanding and complex to
implement. In the relevant literature, the use of energy functions with optimization approaches for image
segmentation has been proposed to avoid these two limitations. In the study of Kandhway et al. [17], the
Energy-Otsu-CS scheme is considered to be an objective function for optimization techniques. At this stage,
image segmentation of celiac disease was applied on the study, which proposed the most suitable thresholding
technique that using the cuckoo search algorithm designed on the energy curve in Otsu’s fitness function to
prevent the above two disadvantages. The thresholding values are generated by maximizing value of the Otsu
method (between-class variance) based on the energy curve of original image, it’s combined with energy curve
for multilevel thresholding to perform segmentation of colored images.
The motivation targeted for the segmentation of CD images is to extract the necessary edge information
from the images for the next analysis and divide the images into different parts with certain characteristics. In
this study, context-based optimal multilevel thresholding technique was preferred for the purpose of increasing
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the accuracy and sensitivity of the result in the classification of celiac disease for image segmentation. To do
this, a segmentation model was designed on the energy curve, avoiding the disadvantages mentioned above,
then the cuckoo search algorithm was combined as part of the objective function to find the optimum value.
Figure 5 shows optimal MTH stage of the spatial domain based on the energy curve for image segmentation
using the Otsu’s method as the objective function. Cuckoo research (CS) algorithm is one of the nature-inspired
algorithms, and it was developed by Yang and Deb [18] and Pare et al. [19] considering that it is suitable for
the solution of problems related to optimization. This algorithm is an approach based on the brood parasite
nature of some cuckoo species.

Input image

Output image

Nonsegmented image

Segmented image

Figure 5. Optimal MTH method based on energy curve for image segmentation. Three thresholds are used on the
energy curve for segmentation and are shown with red lines.

For the purpose of clarifying the patterns in the image, 3 thresholds (three-level) were used on the energy
curve, which could sharpen the image at a later stage. For the entire image database, the population size and
number of iterations are set at 20 and 500 to ensure fairness and convenience.
2.3.3. Wavelet transform based feature extraction, selection and classification
Feature extraction is crucial in the detection and classification of celiac disease. It is to examine various methods
of pattern recognition in order to classify the extracted features in medical image analysis to the appropriate
class. These methods identify important characteristics from the image and create a feature vector. The 2-D
images are then adjusted to a size suitable for classifiers and converted to 1 −by−N a vector set. The extracted
feature vector should contain effective and distinctive characteristics.
Wavelet transform.

Wavelet transform is a very powerful model for scale invariant texture discrimination.

Wavelet based methods are frequently used in the CD classification [5, 6, 20–28] in the literature. In this study,
father Daubechies orthogonal discrete wavelet transform (DWT) [29] was preferred for decompose images into
subbands such as 3 different decomposition levels with Haar wavelet low and high pass filters. Approximately,
diagonal, horizontal, and vertical coeﬀicients were produced in all three levels. Figure 6 shows the pyramidal
decomposition of the duodenum image by endoscopy using the DWT method. These applications were performed
on enhanced images and segmented images for the purpose of comparing the effect of segmentation techniques.
In the previous step, we divided the images of celiac disease into two groups as segmented and nonsegmented image datasets. Later, three-level pyramidal DWT decomposition occurred in these subgroups
separately. The three-level pyramidal DWT decomposition of the image samples of the healthy (normal) and
damaged villi in the segmentation group in Figure 7 is shown. Likewise, the three-level pyramidal DWT decom605
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OR
Input image
Nonsegmented image

Input image
Segmented image

Three Level
Decomposition

Output image
The three layer decomposition of
the endoscopic image

Figure 6. Pyramidal decomposition of the image with DWT. Subbands: low-low (LL), high-low (HL), low-high (LH)
and high-high (HH).

position of the image representations in the non-segmentation group is shown in Figure 8. We demonstrated
the representation of healthy and celiac disease images using the approximate, horizontal, diagonal, and vertical
coeﬀicients of the image pixels obtained by DWT. It can be stated here that the segmented image category can
be more clearly distinguished from the nonsegmented image. As a result, DWT subband coeﬀicients generated
with the concatenated four subband images ([LL,LH; HH,HL]) on the third level scale are used for feature
extraction.

(a) Stage 0

(b) Stage 3b

Figure 7. Image samples (segmented image) obtained by three-level pyramidal DWT subbands of (a) normal and (b)
celiac disease.

606

SAKEN et al./Turk J Elec Eng & Comp Sci

(a) Stage 0

(b) Stage 3b

Figure 8. Image samples (enhanced image without segmentation) obtained by three-level pyramidal DWT subbands of
(a) normal and (b) celiac disease.

Feature extraction. The best feature set should be effective and distinctive, so we have combined the
DWT method with all feature extraction. In this stage, which is determined as feature extraction in the
diagnosis of celiac disease, various scale invariant texture analysis methods have been applied and these
methods were evaluated according to the classification rate. Local binary patterns (LBP), histogram of oriented
gradient (HOG) and speeded-up robust features (SURF) algorithms, which are defined as scale invariant texture
descriptors, were investigated to distinguishing between normal and celiac disease.
Local binary patterns (LBP).

This descriptor [30] recognizes a texture by calculating the difference

between the average gray pixel density difference level represented by binary patterns. This method is frequently
used in the classification of CDs because spatial image representations are very promising and have been shown
to be very robust and accurate [4, 7, 21, 31–35] in the literature. The input image condition is real and
nonsparse, an M by N 2-D grayscale image. We configured the combination of LBP algorithm parameters with
eight circular samples, 32 cell sizes and two-pixel radii.
Histogram of gradients (HOG).

Similar to SIFT descriptors, the local object appearance and shape

is computed by the distribution of local density gradients or edge directions to define a texture [36]. In this
context, the shape curvature histogram (SCH) method [37–39] was further investigated in the computer-aided
diagnosis of celiac disease than as HOG. We set the HOG algorithm parameters as follows: 9 histogram bins
are oriented to the range corresponding to the angular resolution of 20 ◦ . The size of the HOG cell is 32.
Speeded-up robust features (SURF).

The SURF method was first introduced by Bay et al. [40] in

2006. They have proven to work strong for classification assignments, performing better on test sets than their
competition, and has quick computations. Partly inspired by the SIFT and the SURF is a descriptor that is not
affected by changes in scale and orientation. It was designed to distribution of first order Haar wavelet responses
in x and y direction rather than the gradient, exploiting integral images for speed. The SURF descriptor has
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not yet been studied on the diagnosis and classification of celiac disease. However, there are several studies that
have been introduced in the SIFT method [5, 6, 26, 27, 39, 41, 42]. As parameter setting, we have selected a
point location as 16 grid steps with multiple scale sizes.

Feature selection. Excessive length of features causes calculation time and complexity at the classification
level. It increases the cost of memory considerably and is therefore desirable to shorten the length of the
features. The firefly algorithm (FA) [43, 44] is a nature-inspired algorithm of the swarm intelligence field and
it creates the k number of best subset from the original features. The advantage of the algorithm is that it
can specify the features length from the search field by selecting the most appropriate variables. The objective
function of the FA adopted as fitness (minimization problem) is the root mean square error (RMSE). In this
study, the FA was employed to select 300 features that are most suitable for classification. Furthermore, the
stopping criteria of algorithm is a predefined number of iterations, which is 1, 000 iterations.

Classification. After selecting the distinctive features of the image in the feature selection stage, the classification process starts. The best selected k features are used independently for classification purposes to
distinguish between normal and celiac disease. Pattern recognition methods are important for medical image
analysis, especially in distributing selected features to the right classes. The nature of the data obtained from
endoscopic systems differs from more classical texture classification scenarios [8] because the human digestive
system offers a very complex environment. A wide range of supervised machine learning models with SVM
classifiers were trained in this study. The SVM classifiers with kernel functions which are linear, quadratic and
cubic were trained with training data-set and the performances were verified using a 10-fold cross-validation
strategy in this study.
All algorithms proposed in this paper have been implemented in MATLAB 9.4 (MathWorks, Inc., Natick,
MA, USA) on a Microsoft Windows 10 64-bit environment with Intel i5 processor and 8GB of RAM.

3. Results
Pyramidal DWT based LBP, HOG and SURF feature extraction models were applied to the segmented and
enhanced image sets separately, then compared the obtained performances recorded according to biopsy results.
Segmented and nonsegmented images were recorded in various SVM classifiers using a 10-fold cross-validation
strategy and shown in Table 2. Abbreviations in the table are as follows: TP-true positive, TN-true negative,
FP-false positive, FN-false negative. We provide two results tables for each classification model (for example,
enhanced image and segmented image). The performance comparison of the proposed classifier models for the
segmented images in the test set is listed in the odd-numbered tables. The other tables are for no-segmented
images. All these evaluation sets were classified in the same way as the parameters of trained classifiers.
We compared the proposed methods with the CNN and DWT with HOS nonlinear features developed
specifically to distinguish celiac disease. An example of the HOS bispectrum consisting of DWT subbands is
shown in Figure 9. The differences in the spectrum make it possible to distinguish between two classes: normal
and celiac disease.
CNN results were obtained in the architecture of shallow networks using MatConvNet framework [45].
The shallow network consists of two consecutive convolutional layers and we have set N = 48 filters at 11 ×11
and 7 ×7 sizes.
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Table 2. Comparison of the state-of-the-art methods in the current image data-set.

No.

Models/Classifiers

Segmented image data-set
DWT-LBP-SVM models
1
Linear SVM
2
Quadratic SVM
3
Cubic SVM
DWT-HOG-SVM models
4
Linear SVM
5
Quadratic SVM
6
Cubic SVM
DWT-SURF-SVM models
7
Linear SVM
8
Quadratic SVM
9
Cubic SVM
Comparison with the state-of-the-art methods
10 Convolutional neural network (DL)
11 DWT-higher-order spectra (HOS)-SVM
Sum / Averages
Nonsegmented image data-set
DWT-LBP-SVM models
1
Linear SVM
2
Quadratic SVM
3
Cubic SVM
DWT-HOG-SVM models
4
Linear SVM
5
Quadratic SVM
6
Cubic SVM
DWT-SURF-SVM models
7
Linear SVM
8
Quadratic SVM
9
Cubic SVM
Comparison with the state-of-the-art methods
10 Convolutional neural network (DL)
11 DWT-higher-order spectra (HOS)-SVM
Sum / Averages

TP

TN

FP

FN

ACC
(%)

SEN
(%)

SPE
(%)

32
32
33

59
58
58

2
3
3

3
3
2

94.79
93.75
94.79

91.43
91.43
94.29

96.72
95.08
95.08

29
30
28

59
59
59

2
2
2

6
5
7

91.67
92.71
90.63

82.86
85.71
80.00

96.72
96.72
96.72

31
30
29

58
58
58

3
3
3

4
5
6

92.71
91.67
90.63

88.57
85.71
82.86

95.08
95.08
95.08

33
31
338

57
55
638

4
6
33

2
4
47

93.75
89.58
92.43

94.29
88.57
87.79

93.44
90.16
95.08

32
31
31

57
59
58

4
2
3

3
4
4

92.71
93.75
92.71

91.43
88.57
88.57

93.44
96.72
95.08

29
31
32

56
55
55

5
6
6

6
4
3

88.54
89.58
90.63

82.86
88.57
91.43

91.80
90.16
90.16
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9
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7
8
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The comparison of the performance of the methods proposed in the same image data-set with state-ofthe-art approaches is shown in rows 10-11 in Table 2.
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Figure 9. HOS bispectrum representations of DWT subbands of (a) normal and (b) celiac disease. Differences in
spectrum allow differentiation between classes.

4. Conclusion
Clinical findings in CD are quite different and variable. Therefore, it is very diﬀicult to diagnose celiac disease
with accurately. The diagnosis of the disease may result in a high rate of misdiagnosis. In addition, more than
half of all patients were undiagnosed and unaware of the disease. Accordingly, more diagnosis of asymptomatic
cases has caused the disease to resemble the iceberg model. If the disease is not discovered, it causes serious
health conditions. The treatment is a lifelong solid gluten-free diet and a reliable diagnosis is important before
starting treatment modality. Existing diagnostic methods of celiac disease are the gold standard, which depends
entirely on the observer. Therefore, in this study, a hybrid algorithm based on intelligent machine learning
technique which enables automatic detection of celiac disease with standard endoscopy image is proposed.
According to the experimental results in the test data-set, the proposed algorithms are eﬀicient for the
automatic diagnosis of celiac disease. As well as comparing nonsegmented and segmented images, it was found
that context-based image segmentation method showed more eﬀicient accuracy. Pyramidal DWT−LBP −cubic
SVM model showed the highest classifying performance such as accuracy of 94.79%, sensitivity of 94.29%, and
specificity of 95.08%. The highest impact of the Energy-Otsu-CS method that performed image segmentation
was in pyramidal DWT−SURF−SVM models. With the effect of this method, the classification rate (accuracy)
of the classifier models has been increased up to 7.29%. The results of these experiments show that the proposed
classification technique can successfully distinguish between normal and celiac disease and improve the diagnostic
accuracy of celiac disease in the duodenum.
5. Discussion and future work
Limitations of the study. Since there is no public CD database, we obtained the results of this study by
creating a private database. A total of 330 images of 87 patients were included in the data-set as shown in
Table 1. Of the 87 patients, 11 were considered CD and the rest were considered normal patients. The gold
standard of CD has been applied.
According to the distribution list of the data-set, it is understood that the stage 0-2 group has a higher
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bias than the stage 3a-3c group. The reason for this is that our database was created in a certain period of
time and upper GI endoscopic images were obtained from patients during this period. Serology and pathology
tests were performed on all these patients and the ground truth was provided. In addition, only images of celiac
disease should be obtained from patients diagnosed with CD for the first time. The data of patients who were
found to be false positive with a physician prediagnosis were also included in the Stage 0–2 group. In other
words, the data of all patients with suspected CD were added to the database. This increases the accuracy of
the proposed CAD system.
On the other hand, we would like to create a robust decision support system. That’s why we used a more
data here to guarantee the first stage. CAD system can give more accurate results with less data because in
artificial intelligence methods, the data-set needs an average value rather than a minimum value, the increase in
accuracy becomes parallel to the correct samples, and its accuracy can be reached at rates up to 100%. Being
successful here will increase our success in the next stage.
Another limitation is that the images that make up the existing database inevitably undergo nonplanar
geometries and deformations of organs. Moreover, reflections, bubbles, blurring, and lens distortion also provide
different degrees of effect in GI endoscopy image analysis. Lens distortion can be resolved in the device
preparation stage and blurring is known to be the most adversely affecting image quality.
Lastly, it would be good to apply a comparison approach to the used CD image database. Different CD
databases have different challenges, so a comparison will only be decisive when the comparison methods are
applied to the same database. To do this, we applied novel methods such as deep learning and higher order
spectra (HOS) to the same database. You can find the comparison results in Table 2.
Discussion.

In previous studies, Koh et al. [28] used the nonlinear HOS (higher order spectra) method

according to the 1st level DWT coeﬀicients and applied SVM to distinguish the extracted features. Recently,
deep learning (DL) based studies have been used to make more accurate decisions for automatic detection
of villus atrophy. Wimmer et al. [46] developed a convolutional neural network (CNN) architectures for the
automated diagnosis of celiac disease. It achieved ≈97% classification rate for the deepest architecture in test set
by performing with crossvalidation (80% training and 20% validation) on 1661 RGB image patches of 128 ×128
pixels collected through flexible endoscopes from 353 patients. Zhou et al. [47] the GoogLeNet network of celiac
disease was designed using 11 celiac disease patients and 10 control WCE clips for the training set and confirmed
its confidence with a t-test to distinguish celiac disease patients from controls. 100% sensitivity and specificity
were obtained for the test set. In a recent study, Wang et al. [48] have developed a new deep feature learning
algorithm. The database contains images of 1100 healthy and 1040 damaged mucosa classes with 576 ×576
pixels obtained by WCE. The results showed that the detection of villous atrophy in celiac disease successfully
distinguished it from controls with an accuracy of 95.94%.
The results of our proposed methods seem slightly lower than the results reported by Wimmer et al. [46].
The reasons behind this are thought to be due to various reasons such as the status of the training and test
sets, the number and distribution of the images, the total number of data, and the nature of the images. Their
images are available in W LM IT and N BIM IT techniques, such endoscopic techniques play an important role
in improving the visual confirmation of the CD. Therefore, it can make a big difference in the nature of the
images. Further, it affects different CNN parameters, local min/max values are not fully reached in decision
curves, training the database to the network in different ordering, difference in hardware or fatigue of the Matlab
environment.
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The novelty of this study is to apply segmentation to celiac disease (CD) images. Therefore, although
it is not possible to compare the results obtained with other studies on CD, we can compare the results with
the recent literature on medical image segmentation. Kavur AE, Gezer NS, et al. [49] obtained estimates of
the liver volume of living patients using various semi-automatic and deep learning-based automatic methods
for liver segmentation. By mapping the results of each segmentation to a scoring system, they showed that
the fusion results were obtained by majority voting (MV, 86.70) and simultaneous truth and performance level
estimation (STAPLE, 88.74) algorithms. In our studies, the average classification value in the data-set without
segmentation shows 87.88 on accuracy, while this value reaches 92.43 in the data-set with segmentation.
According to the comparison results in Table 2, our proposed methods are more effective than CNN and
nonlinear HOS methods in the same data-set and require less time and cost. The most important factors for the
development of deep learning in the automatic diagnosis of celiac disease are the presence of large quantities of
high-quality endoscopic images. Consequently, it has been demonstrated by experimental results that texture
descriptors combined with DWT can reliably distinguish normal and damaged villi and diagnose with high
accuracy. We have also reported that computer-based texture analysis methods performed in segmented image
data-set significantly improve diagnostic accuracy.
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